We present an integrated design and marketing approach to facilitate the generation of an optimal robust set of product design alternatives to carry forward to the prototyping stage. The approach considers variability in both (i) 
Introduction
A successful product design requires, among others, an efficient and effective integration of engineering design and marketing domains ͓1͔. In the engineering design domain, design alternatives can be generated by a number of means-for example, by a combinatorial permutation of attribute levels or by a multi-objective optimization method ͑e.g., Refs. ͓2,3͔͒. A limitation of such reported methods often is that they are developed solely based on "design attributes" and entirely ignore "marketing attributes" that impact customer preferences. The literature in engineering design has looked into the integration of engineering design and marketing aspects for product design ͑e.g., Refs. ͓4-9͔͒. These methods either ignore robustness in the design and marketing ͓4-8͔, or might be too conservative: selecting designs that have the best possible performance under a worst case condition ͓9͔.
In product design, both design and marketing attributes are likely to have variability. The source of this variability is parameters that the designer does not have control over. Such variations can cause unwanted changes in product performance that in turn may affect customers' preferences for a product. For instance, in a corded power tool product design attributes that might have variability include engineering specifications of the tool such as armature temperature and amp rating. The marketing performance of the tool such as life of the product may also vary due to the changes in the design domain. Also, additional variability can arise due to the variances inherent in the marketing or conjoint model parameter estimates when marketing researchers estimate customer preferences ͓10͔.
From an engineering design perspective, a design alternative should maintain feasibility under variability, have variations in its performance that are within an acceptable range, 2 and exhibit an optimum performance under these constraints. The literature reports on a variety of definitions for robustness and in this regard many researchers have investigated the effect of variability and the importance of "robustness" as a critical factor in engineering design, e.g., Refs. ͓11-18͔. Majority of the literature in robust design optimization is focused on product attributes that are directly derived from an engineering design model while the marketing implications of those attributes are not directly considered. On the other hand, the extant literature on the integration of engineering design optimization and marketing ͑e.g., Ref. ͓9͔͒ has not fully addressed the issue of design robustness and its impact on the customers' preference. In particular, the approach in Ref.
͓9͔ can eliminate potentially optimum designs, with acceptable variability, by designs that have unnecessarily lower variability but with significantly more inferior nominal performance. Unlike the approach in Ref. ͓9͔, our robustness measures in this paper eliminate only those designs whose performance variation is beyond an acceptable range. More specifically, our integrated design and marketing robust optimization approach of this paper accounts for: ͑1͒ acceptable performance variability and feasibility of a design alternative and ͑2͒ the effects of variations in design domain on the marketing domain and criteria ͑i.e., measures of customer preferences and their variations͒.
From a marketing perspective, we define "preference robustness" as a criterion that accounts for: ͑1͒ the impact of variations in the design domain on the values of marketing attributes; and ͑2͒ the variations inherent in the conjoint model parameter estimates due to imperfect model-data fit. Several marketing researchers have suggested that consumer preferences can be influenced by subtle changes in the experimental context ͑e.g. Refs. ͓19-22͔͒. In particular, Louviere et al. ͓23͔ pointed out that point estimates and interval estimates of consumer preferences and context effects can play an important role in the variances of the conjoint estimates. Two different approaches have been proposed to account for this. The approach suggested by Ref. ͓22͔ adds an extra error term to the random component of consumer utility. The advantage of this method is that context can be disentangled from preferences in the determination of choice behavior. The drawback is that it requires the collection of additional data on experimental contexts such as attitudes and expectations. In contrast, the study in Ref. ͓9͔ specifically identifies and controls for variations in the systematic component of the utility function. We favor the latter approach for two reasons. First, the impact of variations in the design domain can be directly mapped into the consumer utility. Second, this approach allows us to identify robust products in the conventional setting of conjoint surveys without requirement of additional data. However, in Ref. ͓9͔, heterogeneity of consumer preferences is not considered. We relax this assumption here by categorizing consumers into different market segments, which provides a better estimate of consumer demand ͓24͔. More important, we improve upon a previously reported preference robustness assessment approach ͓9͔ by specifying additional objectives to better identify promising alternatives from the marketing domain.
The rest of the paper is organized as follows. Section 2 gives a general overview of our approach. Section 3 covers our design robustness approach. Section 4 presents our marketing model. Details of the overall integrated approach are presented in Sec. 5 followed by an example in Sec. 6. Finally, the paper is concluded in Sec. 7. Figure 1 gives a flowchart of our overall approach. The approach has two main components: engineering design domain ͑left column of Fig. 1͒ and marketing domain ͑right column of Fig. 1͒ . In the design domain, we first specify the range of variations for uncontrollable design parameters as well as acceptable range of variations for design performance objectives. Next, design inputs are fed into simulation software that calculates an estimate of design attributes ͑or performance͒ for each design alternative under consideration. Some design attributes are expected to show little or no variation in their attributes, as a result of variations in uncontrollable design parameters, while others may exceed beyond their acceptable range for their attributes. Depending upon how performance and/or feasibility of a design respond to such variations, two measures are used to measure "engineering robustness," namely multi-objective robustness and feasibility robustness.
The Overall Approach
In the marketing domain ͑right column of Fig. 1͒ , the most important customer needs are first identified based on an initial exploratory market study. It is likely that some product attributes not only affect engineering design performance of the product ͑e.g., maximum output power, in the case of a power tool͒ but also are key attributes for a customer's purchase decision ͑e.g., amp rating of a power tool͒. In our approach, this type of product attribute is designated as "common attributes." It is often necessary to use a mapping ͑shaded arrow in Fig. 1͒ to calculate one or more common attributes in the marketing domain from those in the engineering design domain. In our approach, we take into account the variability in customers' preferences ͑or utilities͒ for common attributes ͑such as life and amp rating͒ that come from both design and marketing domains. On the other hand, there may be product attributes that are not common to both marketing and engineering domains. For example, in a corded power tool, attributes like brand and switch type, which do not affect product's engineering design performance, are quite important to the market performance of a product and hence appear purely as marketing attributes. For these attributes, we only consider the inherent variation in the conjoint estimates. Due to the fact that brand name is generally fixed for a particular manufacturer, we fix the brand name to "own brand" for all product alternatives in our optimization. The output of the marketing model includes estimates of market share and its variation which are used to measure preference robustness.
The preference robustness measures with the engineering design robustness criteria are used in an optimizer, together with other performance criteria, to generate a set of multi-objectively robust product design alternatives. These alternatives not only perform well from both engineering design and marketing performance points of view but also exhibit low variation with respect to their performance due to uncontrollable parameter variations, including the inherent variation in consumer preference elicitation and estimation.
In the final stage of our product design development process, we may need to make a selection among the generated robust product design alternatives ͑see, e.g., Refs. ͓3,4,25͔͒. The issue of product design selection is beyond the scope of this paper, and therefore we do not provide a detailed discussion here.
Design Model
In this paper, the design model is built based upon the assumption that the simulation software is deterministic and that it receives a set of design variables ͑e.g., choice of motor, gear ratio͒ and parameters ͑e.g., source voltage, ambient temperature͒ and computes a corresponding set of design attributes ͑e.g., maximum output power, weight͒. The design performance attributes are used as objective functions and/or constraints in our robust design optimization approach. The main definitions and terminologies together with our approach for robust design optimization are discussed in the next few sections.
Definitions and Terminologies.
The general formulation of a multi-objective optimization problem is shown in the following: subject to:
where f i is the ith objective function, g j is the jth constraint function, x = ͑x 1 , . . . ,x N ͒ is the vector of design variables, p = ͑p 1 , . . . , p V ͒ is the vector of design parameters. We assume that the designer has control over design variables x ͑i.e., can change them using an optimizer and thus create different design alternatives͒ but has no control over design parameters p ͑i.e., they have uncontrollable variations within a known range͒. Some researchers prefer to differentiate between variations in design variables and variations in design parameters, the so-called type-1 and type-2 variations ͓20,27͔. For simplicity, we do not make that distinction in this paper. Examples of design variables are motor type, gear ratio, gearbox type, and examples of parameters are ambient temperature, source voltage, and application type. The design variables along with design parameters are fed into the design simulation software. The design simulation software computes the values of design attributes ͑or performance, e.g., armature temperature, motor speed for a power tool͒. As highlighted earlier, there are several attributes that are specific to marketing domain and do not play a role in design performance ͑e.g., brand, price͒. However, the attributes that are common to both design and marketing domain ͑such as product life͒ do have a role in the design module. In this paper, the marketing attributes ͑excluding the common attributes͒ are all discrete. Each design alternative can be enumerated over the marketing attribute levels, and thus generate several product alternatives.
Multi-Objective Robustness.
We define a design to be multi-objectively robust if the variation in each of its objective function values is bounded within a specified range. In order to formulate the multi-objective robustness, a measure for multiobjective variability is introduced. Our idea is based on the maximum variation of the objective function values from the nominal values, ⌬f i W :
where p 0 is the vector of nominal parameter values for design x, and p is between p L and p U , the known lower and upper bounds on design parameters, respectively. Any global optimization technique could be used to find ⌬f i W for each design alternative x. To assess the multi-objective robustness of each design, first the designer needs to specify the maximum acceptable variation range from nominal for each objective function, ⌬f i D for ith objective function as shown in Fig. 2 . The shaded region inside the rectangles in Fig. 2 is the sensitivity region. The sensitivity region for a design x can be obtained by calculating the objective function values as p components are varied within their known lower and upper bounds.
For a multi-objectively robust design, the maximum variations of every objective function from its nominal value ͑e.g., ⌬f i W ͒ should be smaller than an acceptable range ͑e.g., ⌬f i D ͒ specified by the designer. As shown in Fig. 2 , a design is multi-objectively robust, if its sensitivity region or a corresponding maximum variation from the nominal ͑dotted inner box in Fig. 2͒ does not go beyond the acceptable range ͑dashed outer box͒.
Feasibility Robustness.
The goal of feasibility robustness is to ensure that a design will not violate constraints should the worst case values of uncontrollable parameters occur. The feasibility robustness of a design alternative x is verified by examining the following inequality:
3.4 Robust Design Optimization Approach. Our robust design optimization approach ͑ignoring the marketing information at this stage for expositional purposes͒ is encapsulated in Fig. 3 . A multi-objective optimization is performed in the upper block of the flowchart. To ensure multi-objective robustness, each feasibly robust design point x is passed on to the lower block, as shown in Fig. 3 , where the maximum variation from the nominal value for each objective function is calculated. This procedure continues until all design alternatives that meet robustness requirements and at the same time have the best possible performance in a multiobjective sense are obtained.
Since we have not considered any marketing information at this stage, the above-mentioned approach that includes multiobjective and feasibility robustness may overlook design candidates that are good alternatives from a marketing performance viewpoint. In Sec. 4 we take the marketing aspects of the product into consideration.
Marketing Model
A successful product design should not only satisfy engineering design requirements ͑in terms of performance and reliability͒ but it should also perform well commercially in the market based on customer preferences. In Sec. 4.1, a finite mixture conjoint model is used to capture the customers' preferences. Section 4.2 covers the sources of variability in customers' preferences and our approach for modeling such variations.
Finite Mixture Conjoint Model.
In a conjoint-based method, customers' utilities for different levels of marketing at- Transactions of the ASME tributes are estimated through customers' evaluations of a set of hypothetical product profiles ͓30͔. The simple premise in conjoint models is that customers evaluate the overall utility of a product by combining the separate utility value ͑i.e., part-worth͒ of specific levels of marketing attributes that define the product. Since consumers generally have heterogeneous preferences toward the products, a finite mixture conjoint model provides a way to segment the market based on consumers' responses to the conjoint experiment. The details of our model are given below. A conjoint choice experiment starts with J individuals ͑consum-ers͒, each evaluating K choice sets. Each of the K choice sets contains M product alternatives. Each product alternative is defined by the combination of different levels of marketing attributes. If we assume the existence of s =1, . . . ,S segments with segment sizes SS s , the utility u of consumer c for product m in choice set k, given that this individual belongs to segment s, is defined as follows 3 ͓10͔:
where y mk is a vector representing product attributes of product alternative m in choice set k, P mk is the vector of product price in choice set k, ␤ sy is a ␣ ϫ 1 vector of parameter coefficients weighting each product attribute levels, ␤ sp is a vector of parameter coefficients for prices, and csmk is a random component of the utility. Following the tradition in conjoint studies, we use effect-type coding for all the marketing attributes ͓28͔. We assume that the random component csmk follows an independent identical double exponential distribution. Therefore, the probability Pr cmks that product m is chosen from choice set k, subject to consumer c being a member of segment s, can be expressed as
where cons s represents the constant term representing the utility of the "no-choice" option for consumers in segment s. We denote s as the likelihood that a consumer is a member of market segment s. The unconditional probability of consumer c choosing product m from choice set k can be computed as ͓29͔:
The log-likelihood of observing all the choices in all the choice sets for all the customers can be written as ͓29͔:
Using the maximum likelihood estimation method on Eq. ͑7͒, we can calculate a set of segment-level conjoint part-worths and the corresponding segment sizes for the scenarios of one segment, two segments, ¼, through S max market segments ͑a pre-specified maximum number of market segments͒. Akaike's information criterion ͑AIC͒ ͑defined in Eq. ͑8͒͒ is used to determine the optimal number of segments in the market. The model ͑scenario͒ with the smallest AIC value is the one that best explains the observed choices without overfitting the data ͑see Refs. ͓24,30͔͒.
where q is the number of part-worth utilities estimated and SS is the sample size ͑number of customers times the number of choice sets͒.
The estimation procedure provides us with estimates of the number of segments along with segment sizes, segment-level partworth utilities, and the asymptotic variance-covariance matrix of part-worth utilities ͓9,31͔. These estimates can be used to calculate the point and interval estimates of market share for each product alternative, given a set of competing products ͓24,28͔.
Preference Robustness.
Our model integrates the following types of variations in consumer preference. First, we consider variation from the engineering domain in attributes that are common between the engineering design module and the marketing module. Second, variations inherent in the conjoint part-worth estimation because of the imperfect model-data fit. According to Ben-Akiva and Lerman ͓32͔, choice-based conjoint part-worth utility estimates can be considered as asymptotically normal when the sample size is sufficiently large. Therefore, we are able to use the method described in the following paragraphs to construct the interval estimates of the part-worths utilities for various design alternatives.
First, we explain how we obtain the interval conjoint estimates at the segment level. For discrete product attributes ͑such as brand and switch type͒, the interval estimate can be obtained by calculating the 95% confidence interval using the point conjoint estimate and the standard error of the estimate. 4 For continuous and non-common product attributes ͑such as price͒, we first use pairwise linear interpolation ͓33͔ to calculate the point estimate in between specified conjoint levels. For example, for a price ͑P͒ that is in between two specified price levels ͑P 1 and P 2 ͒ in the conjoint study, the point estimate of the conjoint part-worth utility can be estimated as follows, where u͑P 1 ͒ represents the point conjoint estimate at price level P 1 and u͑P 2 ͒ represents the point conjoint estimate at price level P 2 :
Next, we calculate the variance of the part-worth var ͑u͒ using Eq. ͑12͒ ͓34͔:
where z 1 and z 2 represent the standard errors of the point conjoint estimates at price levels P 1 and P 2 , and z 12 represents the covariance of the two conjoint part-worth utility estimates. Finally, we construct the interval conjoint estimate as the lower and upper bounds of the 95% simultaneous confidence levels. So far we have only addressed the uncertainties in customer choices in the conjoint experiment. The second component of the preference robustness in our marketing model comes from the variation in the performance of the product in the engineering domain. For example, when the tool is used in different usage situations and under different conditions, the actual amp rating of the power tool may vary, say ±0.5 A from the nominal value. We also consider the impact of such variation on the consumer's preference for the product. This applies to all the common attributes in our study ͑e.g., power amps and product life͒. We first calculate the ranges of utility variation for the lower and the upper bounds of the amp rating variation using the method described in Eqs. ͑9͒ and ͑10͒. Next, we construct the interval estimate of the conjoint utility by identifying the lower and the upper bounds of the conjoint utility variation when amp rating changes.
Once the interval estimates of the conjoint part-worths for each level of the marketing attributes are obtained, we are able to cal-culate the upper and lower bounds of the conjoint utility for each product alternative ͑at the segment level͒ by summing up the lower and upper bounds of conjoint part-worth utility estimates for each marketing attribute. When calculating the market shares, we consider the impact of variation not only on the product being developed ͑hereafter called the "own" product͒ but also on the competing products. The calculation procedure is similar to the one used for "own" product. With regard to the common attributes, we obtain the variation information of the competing products from the engineering lab. Now we explain how to calculate the upper and lower bounds of market shares for each product alternative. We denote the lower bound of conjoint utility for our own product in sth segment as U lowerគbound,s and the upper bound as U upperគbound,s . 
Integrated Design-Marketing Approach
The integrated design-marketing approach is shown in Fig. 4 . The approach shown has two starting points, one for the design model and the other for the marketing model. In the design model, the approach starts ͑from the top of the figure͒ with a design alternative x, and with a known range of parameters and acceptable variation range for each objective function. In the marketing model, the approach starts ͑from the lower left of the figure͒ with a marketing survey, including a field and focus group study to identify key marketing attributes and capture customer preferences. In the design model ͑upper left of the figure͒ the design x is passed on to the design simulation to calculate attributes for the design ͑i.e., engineering performance objectives and constraints͒. Next, the design is evaluated for feasibility and multi-objective robustness. If it does not meet the acceptable range for multiobjective robustness ͑recall Fig. 2͒ , its objective function values are penalized ͑e.g., a positive penalty is added to the corresponding objective function for the case of minimization͒. Similarly, any design that does not satisfy the feasibility robustness criterion ͑recall Eq. ͑3͒͒ will be penalized. Each design that passes the requirement for feasibility and multi-objective robustness is then enumerated over the marketing attributes ͑excluding brand͒ to produce corresponding product alternatives that can be evaluated from the marketing point of view ͑see the block on the lower right of Fig. 4͒ . In the marketing model, the point estimate of market share and its variation for each design are computed and passed on to the optimizer. The marketing objectives are to maximize the market share and to minimize its variability. Even though past research mainly focuses on market share maximization, we argue that it is also important for product designers to consider both market share and its variability. When two product alternatives have comparable market shares, the product with smaller market share variability should be favored because there is a less amount of uncertainty associated with how this product will perform in the marketplace. The details of our ranking algorithm are given in Sec. 5.1. The procedure embedded in the algorithm continues until a stopping criterion, such as a maximum number of iterations, is reached. The approach ends with the identification of a set of ͑multi-objectively and feasibly͒ robust optimum product design alternatives.
Design-Marketing Evaluation of Product Alternatives.
The optimizer used in our approach ͑see Fig. 4͒ evaluates and compares products based on their predicted engineering design as well as market performance. The performance measures in both domains were defined in previous sections. Here the product evaluation is performed at the domain level ͑i.e., marketing or engineering design domain͒.
In the engineering design domain, we consider robust products ͑from both feasibility and multi-objective robustness points of view͒ and evaluate their performance and feasibility using the design objective and constraint functions. In the marketing domain, we consider both market share and market share variations ͑MSV͒ to assess the predicted marketing performance and robustness of the products ͑maximize market share and minimize varia- Transactions of the ASME tion, given a set of competitive products͒. Our rank ordering rule, which is used in the optimizer, is as follows: product X dominates product Y if X dominates Y ͑i.e., has a better performance͒ in at least one of the domains ͑i.e., design or marketing͒ while not dominated in the other. Alternatively, product X is dominated by Y if it does not dominate Y in any domain while being dominated by Y in at least one domain. If neither of these conditions holds, then products X and Y are nondominated. Figure 5 shows an example in which three product designs A, B, and C are rank ordered. Figure 5͑a͒ depicts the engineering design domain in which output speed is minimized while mass removed is maximized. Figure 5͑b͒ shows the marketing domain in which the market share of the product is maximized while the variation in market share estimates is minimized. In order to rank order the designs shown, we need to compare each pair separately. B dominates A in both design and marketing domains, and therefore, overall B dominates A. However, A dominates C in the design domain, but C dominates A in the marketing domain. Such a conflict leads to A and C to be nondominated. Furthermore, between B and C, B dominates C in the design domain. However in the marketing domain, B and C are nondominated. Therefore, based on the above-mentioned ranking rule, B dominates C. In short, considering both design and marketing domains, B gets the highest ͑i.e., first͒ rank ͑no product dominates it͒, while both A and C are nondominated with respect to each other, and are ranked second.
Example
In the following, we demonstrate our approach with an example in the design of a corded small angle grinder.
Preliminaries.
To begin with, it is necessary to survey the market for such corded power tools to identify key attributes of the product that are important to customers and then establish a set of common attributes between engineering design and marketing domains. Working as a team with our industrial partner, we conducted several focus group studies to first identify a set of attributes that are considered as the most critical by the end users. Six marketing attributes have been identified for this product: brand, price, amp rating, switch type, life, and girth size. The engineering design attributes ͑i.e., output from the design simulation͒ are maximum output power, output speed, armature temperature, and brush temperature. Among these attributes, amp rating and life of the product are attributes common between the design and marketing domains. Amp rating is obtained using maximum motor output power, and an estimate of product life can be obtained by a heuristic that takes motor output speed and armature temperature. The application ͑i.e., type of material and the duration of use of the tool on that material͒ is assumed to be the same for all design alternatives. The set of design variables are: choice of motor ͑x m ͒ which is a discrete variable between 1 and 10, choice of speed reduction unit or gearbox ͑x g ͒ which is a discrete variable between 1 and 6, the gear ratio ͑x r ͒ which is a continuous variable between 3.5 and 5. There are five design parameters that affect the performance of each design alternative. The design parameters with their uncontrollable variability information are given at Table 1 .
The variability in the marketing is discussed in Sec. 6.3. We assume that in the market for this power tool, there are three competitive products. Their specifications in terms of marketing attributes ͑including the common attributes͒ are given in Table 2 .
The set of robust design alternatives considering only engineering design robustness aspects are discussed in the next section.
Robust Designs using Engineering Design Robustness.
The product's output motor speed is minimized, to reduce the effects of vibration to the user, while the amount ͑i.e., mass͒ of material removed is maximized, to ensure performance and efficiency of the product. To guarantee that the product does not fail ͑due to burn out͒ under demanding application conditions, a design constraint is imposed to keep the motor temperature ͑which is the larger of armature temperature and field temperature͒ less than 220°C. Given these two objectives and constraint, without considering the effects of parameter variations on them, a multiobjective genetic algorithm ͑MOGA͒ ͓35͔ with Kurapati et al.'s constraint handling technique ͓36͔ was used as an optimizer to obtain the set of ͑nominal͒ Pareto designs. The reason for choosing an optimizer based on genetic algorithm is that our case study involves both discrete and continuous variables. Figure 6 shows the results. Nominal Pareto design points are highlighted by diamonds in Fig. 6 . There are gaps among the clusters of design alternatives as depicted in Fig. 6 . The primary reason for these gaps is due to dramatic changes in performance based on the choice of available components in the database. At this point, for expositional purposes, the marketing module is not considered.
Using the model provided in Sec. 3.2, with a genetic algorithm as the optimizer, the maximum variation from nominal values of motor speed and the mass of removed material are calculated for every design alternative. In this example, the variation from nominal value for motor speed must be less than 8000 rpm. In addition, the variation in the mass of removed material in one application ͑of the tool on a steel plate͒ is set to be less than 5 g. The robust designs are those that satisfy these requirements as well as the feasibility robustness requirement. Likewise, the model of Sec. 3.3 is used to identify feasibly robust design alternatives. For a power tool design, to operate for long and intensive applications, the motor temperature should not exceed a certain level. There are several parameters that can influence motor temperature in a power tool. Among these, the ambient temperature, user load bias, and power supply voltage and current can have considerable effects on the motor temperature. The design alternatives that are not feasibly robust are eliminated during the optimization.
The robust Pareto design alternatives are obtained following the framework given in Fig. 3 , with MOGA used for the optimizer. The robust Pareto points for this example are also shown in Fig. 6 along with the nominal Pareto points. It can be observed that in this example almost all of the robust Pareto points are inferior ͑in In the next section, we study the effect of customer preferences ͑without using engineering design objectives and constraints mentioned above͒ in the generation of product design alternatives.
Preference Robustness Model.
Respondents for this study include metal workers and construction workers ͑who make up 80% of the user base for the tool͒ recruited from job sites and construction sites. The interviews were conducted with 249 respondents. Each respondent was given 18 choice scenarios ͑16 were used for conjoint estimations and 2 for verification͒. Each choice scenario included two product design alternatives and a no-choice option with verbal descriptions indicating the levels of marketing attributes. The data were collected, coded, and analyzed using the finite mixture module of Sawtooth ͓33͔. We examined the scenarios of one through five market segments. The number of market segments is determined by the minimal AIC value, which turned out to be four segments. Therefore, we have four segments in the market. Table 3 provides the part-worth utility estimates associated with each attribute level and the utility estimate for "no-choice" in each market segment. In this table, we also provided the values of segment sizes. In addition, we obtain a 14 ϫ 14 variance and covariance matrix of the conjoint estimates for each market segment. The diagonal elements of the matrices are all positive numbers and they represent the variances of the conjoint estimates. The off-diagonal elements describe the covariances of the conjoint estimates. ͑Due to page limitation, the variance and covariance matrices are not shown.͒
We now use the information provided in Table 3 to illustrate how the utility of a product is calculated. For a product with own brand, $79 retail price, amp rating of 9, 110 h of product life, top slider switch, and small girth, its utility for consumer segment 1 is 1.3 ͑i.e., ͑−0.54͒ + ͑−0.11͒ + 0.13+ 1.33+ ͑−1.01͒ + 1.5= 1.3͒. In a similar fashion, we can calculate this product's utility for consumer segment 2 as −1.47, segment 3 as −5.79, and segment 4 as −0.99. A similar approach can be used to obtain the conjoint utility of each competitor product, and based on these values the market share of each product alternative can be predicted. Next, the formulas in Eqs. ͑9͒-͑11͒ are used to construct the market share variation of each alternative.
To verify our estimates, we compared the estimated market shares for the existing products with actual market share data obtained from Power Tool Institute ͑PTI͒. PTI is an organization that provides its member companies with market level data such as the market shares of different power tool products. We found that the discrepancies between the estimated and the actual shares are within 5 to 7 percent. As a result, we believe that our model estimates are reasonably in line with the actual market share values.
Robust Design Using Integrated Design and Marketing Approach.
The integrated robust design and marketing approach discussed in Sec. 5 is now applied to the example. Using the approach described in Sec. 3, design alternatives are generated through feeding numerous combinations of design variables using the optimizer to the corded power tool simulation. The output generated by the design simulation is used to obtain ͑directly or via mappings͒ the common attributes. As mentioned before, two common attributes are mapped from design simulation output, namely, amp rating and life of the product. Next, there are three non-common marketing attributes that contribute toward the generation of the set of product alternatives with brand being fixed at "own brand." These attributes are price, switch type, and girth size. After obtaining the product alternatives, the market share and its variation are calculated for each product alternative. The evaluation is performed at the domain level according to the rules given in Sec. 5. For each generated product alternative, using the information provided in Table 3 and Eqs. ͑9͒-͑11͒ the market share and its variation can be estimated. The final set of robust products based on our integrated approach is shown in Fig. 7 .
There are 18 design alternatives in the design objective space that are identified as robust in design objective space ͑Figure 7͑a͒͒. As mentioned before, every design alternative is enumerated over non-common or marketing attributes to produce several Transactions of the ASME product alternatives. In this example, there are three non-common attributes, namely, switch type, price, and girth size that overall create 24 possible product alternatives for each design. It should be noted that not all of the possible generated combinations for each design have optimum performance in both design and marketing domain. In this example, corresponding to the 18 designs in the design domain ͑Fig. 7͑a͒͒, there exist 62 product alternatives in the marketing domain ͑Fig. 7͑b͒͒. For example, design alternative A in Fig. 7͑a͒ corresponds to the five optimum products in Fig. 7͑b͒ . Table 4 tabulates the specifications of these products. In the marketing domain ͑Fig. 7͑b͒͒, the robust Pareto products have market shares ranging from virtually zero to approximately 28%, all of which have less than 7% of market share variations. We consider the product alternatives in the bottom left corner of Fig. 7͑b͒ as infeasible. Even though the market performance of these product alternatives does not vary much, the market shares of these products are all less than 5%. Such low market shares are considered as infeasible because these product alternatives cannot generate requisite revenue to recover the fixed costs needed for the development of these products. This reduces the number of robust products to 48.
Overall, our integrated approach obtains solutions ͑as shown in Fig. 7͒ that are superior in terms of design performance, marketing performance or both. The next step in the product development process is to make a selection among the products and then the selected products can be carried forward for the prototyping stage. Using Fig. 7 and locating products in both domains, it would allow a product design manager to evaluate each product from both design performance ͑and robustness͒ as well as it market performance. Since it may not be feasible to carry forward 48 products to the prototyping stage, the design and marketing teams may decide to reduce the number of the final products. First, we can eliminate some of these alternatives through a more stringent criteria for robustness ͑for example, by reducing the acceptable range of variability in the design and/or marketing dimensions͒, which can reduce the number in the Pareto set. Second, as mentioned before, the marketing team may decide to eliminate solutions that have a low level of predicted market share ͑e.g., below 10%͒. Third, the marketing team may prefer to target at a particular price point for the new product after accounting for retailers' existing assortments and their preferences. Finally, a similar procedure can be carried out in design domain and the design team can eliminate the designs that have higher production costs ͑when offered at the same price͒ to increase the projected profit. While there are many techniques to aid in making a selection among the final product alternatives, the discussion of such techniques is beyond the scope of this paper.
Concluding Remarks
The overall contribution of our approach lies in specifying both design robustness and preference robustness and tying them together in one framework so that an integrated approach for generation of design alternatives, from both design and marketing perspectives, is facilitated. In our approach, we use a bidisciplinary ͑i.e., marketing-design͒ optimization criterion in generating and rank ordering a set of design alternatives, which can then be taken to the prototype development stage. This assures that the prototypes being tested are robust not only from a design perspective but also from a customer preference perspective. In this regard, it is important to note that our integrated approach is not a sequential elimination scheme. Instead every product is evaluated in both design and marketing domains. Only those products that may become infeasible or have inferior performance in at least one domain are eliminated in the process.
From the design perspective, the proposed approach provides the designers a means to assess the performance and feasibility robustness of a design when several uncontrollable parameters exist. Unlike the previous methods in robust design, in particular those in Refs. ͓9,17,18͔, our new approach is less conservative and more flexible in that ͑i͒ it does not eliminate any design whose performance variation is within an acceptable range, and ͑ii͒ it provides a means to guarantee that a robust design satisfies the acceptable range variation for individual design objectives. From the marketing perspective, very limited amount of extant research has considered the impact of performance variations in different usage situations and conditions on customer utilities. The uncertainty in estimating customer utilities due to the imperfect data-model fit is also an important factor to consider when specifying preference robustness ͓20-25͔. Building upon the existing research by Ref. ͓9͔, we have relaxed the assumption of homogeneous consumer preferences and introduced a multi-objective optimization procedure for the robust marketing criterion.
Our approach despite its strengths in both design and marketing domains has some limitations. Like most robust optimization methods in the literature, our outer-inner optimization approach can be computationally intensive. However, the contribution of this work is mainly in providing a means to integrate design and marketing robustness together. One other potential shortcoming of our approach is when it results in a relatively large set of final product alternatives. A possible remedy to this is to perform design robustness prior to the integration with the marketing model, i.e., in a sequential process. However, such a sequential approach may eliminate potentially good design alternatives.
